ABSTRACT In this paper, the artificial-noise (AN)-aided downlink distributed antenna system with simultaneous wireless information and power transfer is considered, in which the legitimate user uses the powersplitting (PS) scheme to simultaneously decode information and harvest energy. To prevent eavesdroppers from wiretapping the legitimate user, AN is transmitted with the confidential signal at the transmitter. The secrecy energy efficiency maximization (SEEM) problem is studied under the constraints of the minimum secrecy rate requirement, minimum required harvested energy, total radio frequency transmission power, and range of the PS ratio. Because of the coupling of variables, the formulated SEEM problem is non-convex and intractable. Then, a double-layer iterative optimization algorithm is proposed. The outer layer is a 1-D search algorithm for the introduced tight relaxation variable, whereas the inner one is based on the Dinkelbach method to address the fractional optimization problem. The closed-form expressions for the power of the transmitted confidential signal and AN power are further derived. The simulation results reveal the efficiency of the proposed algorithm and the advantage of AN in improving the system secrecy energy efficiency.
I. INTRODUCTION
With the development of wireless communications, the huge number of mobile users and business demands have led to serious carbon emission problems. By 2020, it is predicated that the demand of mobile business will be 1000 times higher than that in the present [1] - [3] . If we continue following the existing wireless transmission technologies and network architectures, the environment will not be able to withstand the huge energy consumption from the growth of mobile business. Therefore, the development of future mobile communication technology must seek innovation. By designing a new network architecture, we can reduce the network energy consumption per unit business volume and build green communication systems [4] - [7] .
The concept of distributed antenna systems (DAS) was first introduced in the future technology for universal radio environment (FuTURE) program in 2005 [8] - [10] . Unlike the conventional centralized antenna systems (CAS), in DAS, many remote antenna units (RAUs) are scattered, placed in different positions of the cell, and commonly connected to the base processing unit (BPU) through an optical fiber to form a generalized cell. Relevant studies have proved that compared with conventional CAS, DAS shorten the distance from the base station to the mobile terminals and reduce the transmission power, which can significantly improve the spectrum efficiency (SE) and energy efficiency (EE) of the system [11] . Thus, DAS are a promising cellular architecture for green communications, and many studies have examined their EE optimization problem [12] - [16] . Chen et al. [12] proposed an energy-efficient resource allocation approach that maximized the EE of DAS. In [13] , using the Karush Kuhn Tucker (KKT) condition, an optimal closed-form power allocation expression that maximized the system EE was obtained in a single-user downlink DAS. A single-cell multiuser DAS was considered in [14] , and an iterative power allocation algorithm subject to the constraints of the per-antenna transmission power and proportional fairness of user rates was proposed, which achieved maximum EE and had better SE-EE tradeoff than the benchmark scheme. Wang et al. [15] investigated a low-computational-complexity power allocation algorithm, which required no iteration. The closedform power allocation solution, which maximized the system EE, could be obtained through one-dimensional searching. In [16] , the EE optimization problem was solved by splitting the original problem into three subproblems: the rate maximization problem, the EE maximization problem without a rate constraint, and the transmission power minimization problem. A new distance-based RAU selection method was further proposed. This method had far better EE performance than the EE optimization methods without RAU selection and antenna selection in CAS.
The deployment of DAS can significantly enhance the network performance from the perspective of the network side. However, the limited lifetime of battery-powered mobile terminals is another severe restriction of current wireless communications. To this end, simultaneous wireless information and power transfer (SWIPT) technology has been extensively studied [17] . Because the strength of the transmitted signal rapidly decays with an increase in the transmission distance, in traditional CAS, only the terminals near the transmit antennas can achieve sufficient power. However, in DAS, since the RAUs are arbitrarily deployed in the cell region, the distance between any mobile user and its nearest RAU is much smaller than that in CAS. Thus, SWIPT is more feasible in DAS [18] . Zhu et al. [19] studied the problem of maximizing the average worst-case signal-to-interference-plus-noise ratio (SINR) subject to the constraints of the per-RAU transmission power and individual energy harvesting (EH) for each user. It was assumed that the channel state information (CSI) was imperfect at the transmitter, and a robust beamforming and powersplitting design was proposed. By jointly optimizing the RAU selection and collaborative beamforming, Dong et al. [20] minimized the transmission power.
Because of the open characteristics of wireless channels, information transmission in the cellular system has potential disclosure risk. By using cryptographic methods in the application layer or network layer, the system security can be guaranteed. However, these upper-level encryption and decryption technologies will entail more energy consumption because of the high computational complexity. Furthermore, the management of secret keys is also a severe challenge. Recently, physical layer (PHY) security has been proven to be an efficient scheme to significantly improve the system security performance [21] , [22] . Multiple-input multiple-output (MIMO) and artificial-noise (AN)-aided designs are two common methods to guarantee the PHY security [23] - [25] . In [26] , two schemes of joint antenna selection and beamforming to maximize the secrecy rate (SR) were presented, which considered the constraints of the total transmission power and per-antenna transmission power, separately. Wang and Wang [27] studied the secure and cooperative multi-point transmission method for underwater DAS, which tended to minimize the maximal received SINR of Eves. Zhang et al. [28] investigated a precoding design to maximize the secrecy capacity in coordinated multiple-point (CoMP) systems with and without eavesdropping information. Moreover, PHY security with SWIPT was also studied in many kind of scenarios [29] , [30] . In [30] , the optimization problem of minimizing the total transmission power was investigated with the limited backhaul capacity.
The performance of traditional DAS has been fully studied over the past years. However, with the introduction of other technologies into DAS, such as SWIPT and PHY security, many open issues remain to be further investigated. The existing literature has studied problems such as system SR maximization or transmission power minimization, but the secrecy EE (SEE) has not been considered. The major contributions of this paper are as follows:
(1) The SEE maximization (SEEM) problem for the AN-aided downlink DAS with SWIPT is established, and the optimized variables are the power of the confidential signal, AN power and power-splitting (PS) ratio. The constraints are the minimum SR requirement, minimum energy harvested, maximum radio frequency (RF) transmission power, and PS ratio. (2) The SEEM problem is a nonconvex fractional optimization problem and intractable to solve. A doublelayer iterative optimization algorithm is proposed in this paper. By introducing a tight relaxation variable, the outer layer problem becomes a single-variable optimization problem and can be solved using a onedimensional search algorithm. (3) The inner-layer problem remains as fractional programming with three optimized variables. We transfer the inner-layer problem into a subtractive form using the Dinkelbach method. Different from the Lagrange method, the closed expressions for the power of the confidential signal and AN power are derived. (4) The simulation results validate the efficiency of the double-layer iterative optimization algorithm and show the advantage of AN in improving the system SEE. The PS ratio, minimum EH constraint, number of Eves, and number of transmit antennas are related to the system SEE. The SEEM performance of CAS is also provided for comparison. The simulation results show that DAS are an effective network framework to improve the system SEE. The remainder of this paper is organized as follows. Section II proposes the system model and problem formulation. A double-layer iteration optimization algorithm for the VOLUME 6, 2018 SEEM problem is proposed in Section III. Section IV shows the simulation results and analysis. Finally, the conclusion is drawn in Section V.
Notations: Throughout this paper, scalars are denoted by lower-case letters, and boldface lower-case letters are used for vectors. | • | denotes the Euclidean norm of a complex vector, and
indicates that x is a complex Gaussian random variable with mean µ and variance σ 2 . Finally, C m×n denotes the space of m × n complex matrices.
II. SYSTEM MODEL AND PROBLEM FORMULATION
A single-cell downlink DAS with SWIPT is considered, as shown in Fig. 1 , which consists of one BPU (Alice) connected with M RAUs via fiber optic or microwave backhaul links. There are one legitimate user (Bob) and K Eves. The number of transmit antennas at each RAU is N t ≥ 1, and Bob and each Eve are equipped with a single antenna. In this paper, Eves are also assumed to be cellular users, but the message intended for Bob should be kept secure from them [31] . The channel state information (CSI) and data information are performed at Alice.
For convenience, we denote the index set of all users as U = {b, K}, where b and K = {1, 2, . . . , K } represent the index set of Bob and Eves, respectively.
The channel vector h um ∈ C 1×N t from the m-th RAU to user u ∈ U is expressed as where f um ∈ C 1×N t and g um represent the small-scale and large-scale fading effect, respectively. Each entry of f um is an independently and identically distributed (i.i.d.) random variable. The large-scale fading channel is expressed as g um = D −α um G um , where α is the path loss exponent, D um is the distance from the m-th RAU to user u, and G um is a lognormal distributed shadowing variable with variance δ 2 um , i.e., 10log 10 G um ∼ CN (0, δ 2 um ). Thus, the composite channel vector h u ∈ C 1×M N t from the DAS to user u is formulated as
To prevent Eves from wiretapping the information of Bob, AN is simultaneously transmitted with the information signal [32] . All RAUs collaborate to transmit the confidential message intended for Bob using the joint precoding strategy. Then, the received signal at Bob is denoted as
where s ∼ CN (0, 1) is the confidential message intended for Bob, w ∈ C M N t ×1 is the corresponding precoding vector, n a is the AN vector, and n b ∼ CN (0, σ 2 b ) is the antenna noise at Bob. The PS scheme is implemented for Bob to split the received signal into two independent power streams, one of which is for information decoding (ID) and the other for EH. If the PS ratio is ρ (0 ≤ ρ ≤ 1), the signal split to the information decoder of Bob can be written as
where n sp ∼ CN (0, σ 2 sp ) is the additional signal-processing noise introduced by the ID.
On the other hand, the received signal at the k-th Eve is denoted as
where n k ∼ CN (0, σ 2 k ) is the antenna noise plus the additional noise introduced by ID at Eve. Then, the SINR of Bob and the k-th Eve is further derived as
The signal split to Bob's energy harvester can be expressed as
and the harvested power at Bob is
where θ LU ∈ [0, 1] is the EH efficiency at Bob. The SEE is defined as the ratio of the SR at Bob to the total power consumption of the system [33] . In the next content, the two parts of the SEE (SR and total power consumption) are described. The available SR at Bob is defined as [34] 
Different from the traditional power model, because of the introduction of SWIPT and AN, the power consumption model is more complex and should be comprehensively considered. The RF EH equipment consumes notably little energy and can store more energy. The total power consumption is reduced by the harvested energy. Therefore, the total power consumption can be expressed as
where the first part ξ (|w| 2 + |n a | 2 ) denotes the power dissipation of the power amplifiers at the transmitter and includes the power of the transmitted confidential signal and the AN power of all RAUs. ξ is the efficiency of the power amplifier. The second part P C is the circuit power consumption, which is related to the number of RAUs, number of transmit antennas of each RAU and number of users. The third part E b is the harvested power. P C can be expressed as
where P an is the power consumption of each antenna, P sp is the power consumption of signal processing, and P u is the power consumption of each user. The SEE can be expressed as
The objective of this paper is to maximize the SEE in an AN-aided DAS with SWIPT while satisfying some constraints. The SEEM optimization problem can be formulated as max {w,n a ,ρ}
where C1 is the SR requirement for Bob, with r 0 being the minimum rate requirement. C2 is the constraint of harvested energy, with e min being the minimum EH requirement. C3 is the RF power constraint, with P total being the allowed maximum RF transmission power. C4 is the boundary constraint of the PS ratio ρ. Problem (14) shows that the parameters that must be optimized include the precoding vector w, AN vector n a , and PS ratio ρ. Because the objective function and some constraint conditions are nonconvex, it is intractable to directly solve problem (14) . To reduce the complexity of the problem, the maximum ratio transmission (MRT) scheme is used to precode the confidential signal. Furthermore, the AN vector lies in the null space of Bob's channel, i.e., h b n a = 0 [35] . Thus, AN has no interference to Bob. The MRT precoding vector and AN vector at the transmitter can be expressed as 
The optimal parameters in problem (17) become three scalar variables, i.e., the power of the transmitted confidential signal p w , AN power p v , and PS ratio ρ. Therefore, we can solve problem (17) instead of problem (14) . In the remainder of this paper, our major work is to solve problem (17).
III. DOUBLE-LAYER ITERATIVE OPTIMIZATION ALGORITHM FOR THE SEEM PROBLEM
Since problem (17) is a nonconvex fractional optimization problem with the coupling of some variables, it remains intractable to solve directly. An efficient double-layer iterative optimization algorithm is discussed as follows.
A. OUTER-LAYER ITERATIVE ALGORITHM WITH TIGHT RELAXATION
The objective function of problem (17) is fractional, and its numerator has a subtractive form, which increases the complexity of the solution. The numerator can be rewritten as
where β ≥ 1 is an introduced slack variable to simplify the complexity of the objective function [31] . log β denotes the maximum rate among all Eves. By adjusting the value of β, we can control the mutual information between Bob and Eves, i.e., the secrecy rate. Therefore, we can infer that max
According to the Cauchy-Schwartz inequality, the above inequality can be further derived as
Furthermore, as SR should satisfy the constraint (17b), i.e., SR ≥ r 0 , we can easily obtain the upper bound of VOLUME 6, 2018 β as follows:
Then, we can rewrite problem (17) as
where ϕ(β) is denoted as
Problem (22) shows that the original problem is decomposed into a double-layer optimization problem. The outer layer is a single-variable optimization problem, which can be solved using a one-dimensional search algorithm. The specific summary of the outer iterative algorithm is shown in Algorithm 1. (22) 1.
Algorithm 1 Outer-Layer Algorithm for Problem
4. solve problem (23), obtain ϕ(β i ) 5.
= ∪ ϕ(β i ), and set i = i + 1 6. end 7. Select the optimal ϕ * (β) from
B. INNER-LAYER ITERATIVE ALGORITHM BASED ON THE DINKELBACH METHOD
The inner-layer problem (23) remains as nonconvex fractional programming. The common technique to solve this type of problem is the Dinkelbach method. First, we transform the objective function of (23) into a subtractive form. Then, a new parametric problem is given as
where η ≥ 0, and is the feasible region of problem (23) . Problem (24) has the following lemma based on the Dinkelbach method. 
. For the proof of Lemma 1, refer to [36] for details. According to Lemma 1, the optimal objective value can be found by seeking the root of (η) = 0. The Dinkelbach method is an iterative algorithm, and a new η is generated in each iteration. With the increase in number of iterations, the value of η will converge. Hence, the optimal value of η can be obtained after several iterations, which is the maximum SEE.
To simplify the process of solving problem (24), the constant terms in the objective function are neglected. Based on the Dinkelbach method, problem (23) is equivalent to the following form:
Problem (26) remains nonconvex, and it is inefficient to use a one-dimension search for ρ, p w and p v . Hence, an efficient algorithm is proposed to solve problem (26) with lower complexity. First, we rewrite the above problem as follows:
where p 1 (p a ), p 2 (ρ) and p 3 (p a ) can be expressed as (28), (29) and (30) according to the constraints (26b), (26c) and (26d).
If we fix ρ, the inner problem of (27) can be recast as
For fixed p a , the objective function of problem (31) is a strictly concave function, and p w has a unique solution.
(3). set n = n + 1, S = ∅ (4). return to step 3 else (1). problem (26) is solved (2) . break end if i.e., σ 2 k = −39.95 dBm ∀k ∈ K. Moreover, we set θ b = 1, ξ = 3, and r 0 = 1 bit/s/Hz. Fig. 2 shows the SEE performance of the proposed doublelayer iterative optimization algorithm in the DAS and CAS scenarios with different search intervals M of ρ. For the DAS or CAS scenarios, when M = 10, M = 100 and M = 1000, the three types of average SEE curves are almost identical. Therefore, the search interval M of ρ hardly affects the performance of the inner-layer iteration algorithm based on the Dinkelbach method. To reduce the computational complexity of the inner-layer iteration algorithm, we set M = 10 in the following simulations.
The convergence performance of the inner-layer iterative algorithm based on the Dinkelbach method for four times of random DAS channel realization is shown in Fig. 3 . The tolerance value of the inner-layer iterative algorithm is ε = 10 −6 . The convergence behavior of the inner-layer iterative algorithm is notably fast. If the computational complexity of solutions p w and p a is o (1) , then the computational complexity of the inner layer iteration algorithm is o (T 1 T 2 ) .
T 1 is the number of iterations of the Dinkelbach method. For each random DAS channel realization, the desired convergence result can be achieved within 10 iterations. T 2 is the research times of ρ, which is determined by the search interval M , and we set M = 10. Therefore, the complexity of the inner-layer iteration algorithm is o(T 1 T 2 ) = 100. Fig. 4 shows the relationship between the average SEE and the total transmission power for DAS and CAS with different EH constraints. Fig. 4 shows that the SEE performance with the EH constraint of −10 dBm is better than that with the EH constraint of −5 dBm. The system with a smaller EH constraint has better performance. Under identical conditions, the DAS performs better than the CAS. Therefore, the DAS is beneficial to the configuration of wireless communication systems. Fig. 5 shows the relationship between the average SEE and the number of Eves with different EH constraints for DAS and CAS. With the increase in the number of Eves, the four types of SEE curves barely change. Therefore, the added AN contributes to the system SEE. For identical transmission power and Eves, both DAS and CAS have better performance with the −10 dBm constraint than with the −5 dBm constraint, which is consistent with the result of Fig. 4 . Fig. 6 shows the relationship between the average SEE and the total number of transmit antennas for DAS and CAS. The EH constraint is −10 dBm, and the maximum transmission power is 36 dBm. The SEE value begins to increase when the number of transmit antennas increases; then, SEE decreases after reaching a maximum value. The maximum SEE for DAS is 65000 bits/Joule when the total number of transmit antennas is 10, whereas the maximum SEE for CAS is 18000 bits/Joule when the total number of transmit antennas is 15. There is a tradeoff between SEE and the total number of transmit antennas when the total transmission power is fixed. Therefore, RAU selection can be considered a future research direction.
V. CONCLUSION
In this paper, the SEEM problem for AN-aided downlink DAS with SWIPT is studied. The original optimization problem is nonconvex and intractable to solve, and a double-layer iterative optimization algorithm is proposed. By introducing a tight relaxation variable, the outer layer problem becomes a single variable optimization problem and can be solved using a one-dimensional search algorithm. We transform the inner layer problem into a subtractive form with the Dinkelbach method, and the closed-form expressions for the power of the transmitted confidential signal and the AN power are derived. The simulation results show the effectiveness of our proposed algorithm, and AN is helpful for improving the system SEE. However, in this paper, it is assumed that both Bob and Eves are cellular users and equipped with a single antenna. If they are equipped with multiple antennas, the formulated optimization problem will become more complicated, which is worth investigating in the future.
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